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ABSTRACT
New sources of ‘big data’ are regularly described as revolutionizing 
the study of urban life. Of particular interest is analyzing gentri!ca-
tion, which has proven a challenging endeavor with conventional 
methods. Big data may o"er a new approach to the persistent 
problem of de!ning and measuring gentri!cation, while also allow-
ing us to rethink broader questions about theory and methodology 
in urban geography. Using geotagged Twitter data, we demon-
strate how the changing geographies of users’ tweets are proxies 
for the evolving social and spatial contours of urban neighbor-
hoods. We use the case of Lexington, Kentucky to analyze the 
mobilities and relational connections of neighborhood residents 
and visitors as gentri!cation intensi!ed over time. We argue that 
these kinds of big data allow for an analytical approach that focuses 
on the dynamic, relational connections between people and places, 
and provides a useful, additional avenue in understanding a pro-
cess as complex and multifaceted as gentri!cation.
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I. Cities in the age of big data

The emergence and rapid growth of new sources of so-called “big data” are widely thought to 
have revolutionized the study of social life. This is especially true for our understanding of 
cities, where nearly every aspect of social interaction is captured and stored, whether through 
CCTV, sensors embedded in streets, sidewalks and buildings, smartcard systems, social 
media or mobile phone tracking. These new data sources are particularly useful insofar as 
they allow for more a spatially and temporally granular approach to analyzing urban social 
and spatial processes than is possible with more conventional datasets. This promise, how-
ever, has led to the over-valorizing of big data as the means to address all urban problems. 
Regardless of the particular context or subject of a dataset, the prevailing discourse around big 
data is predicated on the “widespread belief that large data sets o!er a higher form of 
intelligence and knowledge that can generate insights that were previously impossible, with 
the aura of truth, objectivity, and accuracy” (boyd and Crawford, 2012, p. 663).
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Moreover, not all aspects of the city or urban life are equally quantified or datafied. 
Reasons for a relative dearth of data can range from a national statistical agency not 
collecting or not publicly sharing data due to privacy concerns, or simply because it 
would be too costly in both time and resources to collect. Other key aspects of urban life 
are hard to reduce to numbers at all, such as sense of place or community. Many 
processes, however, fall somewhere in between. They may lend themselves to datafica-
tion, but appropriate data is not collected or made easily accessible. Of course, even 
where data is available, it still provides only a partial picture of the process at hand. And 
given the dictum that “what gets measured gets managed”, the areas for which data is less 
available or less robust often become significant blind spots in attempts to intervene in 
urban processes. Gentrification is a particularly good example of a phenomenon that has 
long defied easy measurement, complicating e!orts to understand and respond to it.

Despite its position as a cornerstone of urban research for the last half century, 
gentrification’s place in broader public consciousness is more recent, growing rapidly 
over the past decade. Debates over whether gentrification is a bad thing – indeed, whether 
it even exists in the first place – have led some to question its utility, calling it a “vague, 
imprecise and politically loaded term . . . [in] need [of] better, more objective ways to 
measure it” (Florida, 2014). While our paper doesn’t question the importance of gentri-
fication as a concept or the importance of the rich body of critical scholarship about it, we 
do agree that that there has been a persistent problem of defining and measuring it. 
However, the advent of big data o!ers an opportunity to rethink broader questions about 
theory and methodology in geography and GIScience (Poorthuis & Zook, 2020), while 
also addressing the specific tendency of gentrification research to eschew methodological 
discussions (Slater et al., 2004).

As such, this paper explores the potential for big data – in particular, geotagged social 
media data from Twitter – to analyze gentrification. We focus especially on the use of 
geotagged Twitter data as an indicator of social activity and relations over time and space, 
thus serving as a proxy for the evolving social and spatial contours of urban neighbor-
hoods. Building on earlier work demonstrating the utility of this data to study the 
aggregate mobility patterns of urban residents (Shelton et al., 2015), we seek to under-
stand gentrification as a reconfiguration of the mobilities and relational connections 
between urban neighborhoods.

We use a case study of Lexington, Kentucky and the city’s gentrifying Northside to 
analyze how the everyday mobilities of Lexington residents in these neighborhoods have 
evolved as gentrification intensified over time. We identify and visualize these changes in 
neighborhood dynamics by representing the fundamentally relational and mobile lives of 
urban residents through spatial network analysis, in contrast to an exclusive focus on 
residential geographies or the internal characteristics of neighborhoods.

Given the relative novelty of this data and method, it is crucial to note from the outset 
that we do not argue that this approach represents the only, or even necessarily the best, 
way to understand gentrification. As detailed below, this approach still misses multiple 
elements of the gentrification process, such as the particular mechanisms of reinvestment 
and displacement and the cultural politics of displacing racial and ethnic minorities from 
neighborhoods they have long called home. Instead, we provide an additional avenue for 
understanding the complex and multifaceted process of gentrification, focused on how 
gentrification is produced through dynamic, relational connections between people and 
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places within the city. To frame our approach, we review (1) how gentrification has been 
identified and analyzed using more conventional datasets, (2) the development of rela-
tional understandings of place, geographies and gentrification, and (3) other nascent 
attempts to measure gentrification and associated processes of urban inequality using big 
data. With this grounding we then turn to an empirical analysis of geotagged Twitter data 
in Lexington, Kentucky to demonstrate the utility of our approach.

II. Understanding the geographies of gentri!cation and urban change

Using quantitative data to understand cities is by no means new. Nor is the ostensibly 
more objective and scientific air around the use of such methods. For the past century or 
more, urban planners, policymakers and scholars have used quantitative data under the 
goal or guise of constructing a scientific approach to cities, even in the absence of “big” 
data (cf. Barnes, 2013; Barnes & Wilson, 2014; Fairfield, 1994; Ford, 1913; LeGates et al., 
2009; Light, 2003; Shelton, 2017; Zook, 2017). This has been no less true for studies 
focused specifically on the process of gentrification, defined as the transition of neighbor-
hood character that accompanies the out-migration of previous, and generally poorer, 
residents who are displaced by an influx of newer, and generally richer, residents. While 
gentrification has been a topic of interest to geographers, sociologists and planners for 
more than 50 years (Glass, 1964), it has remained a much-debated and contested concept, 
owing in large part to the fundamental racial and class inequalities to which it calls 
attention.

A key part of this debate, and indeed a source of much disagreement, is the lack of 
an agreed-upon method for measuring, identifying or analyzing gentrification. This 
section reviews how geographers and other urban social scientists have sought to 
measure gentrification quantitatively, using both conventional data as well as more 
recent iterations of big data, and how these approaches to defining and measuring 
gentrification intersect with theoretical trends around relational conceptualizations of 
space.

De!ning and measuring gentri!cation

Gentrification has long been considered a “chaotic concept” (Rose, 1984), a fact that has 
only been exacerbated by more recent public attention to the process and its implications 
in cities around the globe (cf. Buntin, 2015; Cortright, 2015; Economist, 2015; Florida, 
2014). But, as Hammel and Wyly (1996) have argued, “[u]ncertainty over the extent of 
gentrification stems not only from the complexity of the process, but also from the 
di"culty of observing and measuring the phenomenon” (Hammel & Wyly, 1996, p. 248). 
That is, the problem isn’t just a lack of agreement on what gentrification is, but that our 
agreed-upon definitions often don’t match up with the data used to measure and track 
gentrification as it unfolds. Nonetheless, geographers and urbanists have spent consider-
able energy on attempts to quantitatively measure gentrification processes using a variety 
of data sources. As such, there are three key ways that gentrification is defined, and thus 
measured.

First is the notion of gentrification as a class, or more generally demographic, transi-
tion within a neighborhood. In other words, gentrification is defined as a change in the 
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makeup of the people who live in a particular area. Given the relative accessibility of data 
on the demographic makeup of households and neighborhoods (proxied through census 
tracts or other administrative units) with regards to income, race, educational attainment 
and so on, many quantitative empirical studies of gentrification rely on this under-
standing in order to meaningfully operationalize it. While income is perhaps the most 
significant variable for understanding changes in the class composition of a given 
neighborhood, income alone fails to capture the variety of ways that these changes are 
expressed. For example, scholars have often relied on the percentage of residents with 
a college education (Freeman, 2005; Hammel & Wyly, 1996; Schuler et al., 1992) or in 
professional careers (Atkinson, 2000) as alternative ways of measuring these changes, 
acknowledging that many gentrifiers are younger people at the beginning of their earning 
careers who do not actually make all that much money. While the use of race and 
ethnicity variables has been somewhat less common, the current context of US cities 
means that gentrification often unfolds in inner city areas with larger black and Latino 
populations, making race a key part of the practice and experience of gentrification 
(Kirkland, 2008), although this isn’t always the case in contexts beyond the US.

The second major understanding of gentrification focuses on changes to, and invest-
ments in, the material, built environment of a neighborhood. In diverting focus from the 
people moving into a neighborhood, such an understanding of gentrification resonates 
with Smith's (1979) classic characterization of gentrification as “a back to the city move-
ment by capital, not people”. While this vein of work sometimes relies on qualitative data 
taken from field surveys to assess visual indicators of building upgrading (cf. Wyly & 
Hammel, 1998, 1999; Hammel & Wyly, 1996 for a combination of such a field survey 
with Census data, or Hwang & Sampson, 2014, who use Google Street View imagery as 
a way of performing such an analysis remotely), some quantitative indicators also serve as 
reasonable proxies for such upgrading. These include changes in rents, property valua-
tion and the proportion of owner-occupied houses (Heidkamp and Lucas 2006), as well 
as increased mortgage lending (Kreager et al., 2011; Wyly & Hammel, 1999).

Finally, there is the crucial notion that for demographic change and material upgrad-
ing to count as gentrification, there must also be displacement. Slater et al. (2004) call 
attention to the fact that “[d]isplacement is vital to an understanding of gentrification, in 
terms both of retaining definitional coherence and of retaining a critical perspective on 
the process” (1144), but this concept tends to be absent from quantitative approaches to 
measuring gentrification. This is because displacement, despite its role as one of the 
central aspects of gentrification, is also the hardest aspect to measure (Easton et al., 2020). 
While secondary data from government sources can show demographic changes within 
a given neighborhood that are consistent with displacement (e.g. shifts from poorer and 
nonwhite residents to higher income and whiter households), it still tells a very limited 
story, as the reasons behind these particular changes are not captured in such data. As 
Carlson (2020) shows, such population-based measures actually diverge quite signifi-
cantly from other, more granular measurements of displacement that account for 
individual-level residential mobility and the reasons for such mobility.

A more recent arrival within gentrification research is the use of non-o"cial – but not 
quite “big” – data sources to examine other aspects of the processes. These sources can be 
quite diverse, ranging from the local knowledge of activists and nonprofit groups about 
neighborhood conditions contained to newspaper articles referencing gentrification. 
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Given the di!erences in data sources and implicit definitions of gentrification, it is 
unsurprising that the findings of this work range from more conventional gentrification 
research, as in Barton’s (2016) comparison of neighborhoods identified as gentrifying in 
New York Times articles to earlier quantitative work by Bostic and Martin (2003) and 
Freeman (2005) that use Census data to track neighborhood-scale demographic changes. 
Other studies have turned to more cultural markers of gentrification, focusing on spaces 
of consumption such as the number of cupcake and co!ee shops to track shifts in 
neighborhood character (Papachristos et al., 2011; Smith, 2014; Twilley, 2009, 2011). 
With the increasing digitalization of everyday social life, traces of these changes are more 
and more visible in online spaces, such as in Yelp restaurant reviews, which Zukin et al. 
(2017) use to show the impact of racialized spatial perceptions on gentrification pro-
cesses. While these approaches do not focus on the more conventional political- 
economic and structural character of the gentrification process, they are important 
insofar as they capture “an on-the-ground and visible manifestation of a particular 
form of gentrification – the increased presence of an amenity often associated with 
gentrifiers’ lifestyles” (Papachristos et al., 2011, p. 216). But using these kinds of ever- 
changing cultural markers as indicators of gentrification poses a temporal problem that 
limits the replicability of research, as cupcake shops and co!ee shops may lose their 
cachet in gentrifiers’ changing cultural tastes and consumption habits.

Therefore, the persistent challenge in quantitative gentrification research is finding an 
alignment between one’s definition of gentrification as a concept and the available data to 
measure the process empirically. While most studies of gentrification have operationa-
lized their definition in largely territorial and spatially contiguous terms, i.e. the neigh-
borhood, we argue that it is fundamental to also include a relational understanding of 
space and socio-spatial processes. This relational grounding of gentrification also opens 
up opportunities for utilizing big data to meaningfully contribute to the study of changes 
in urban life.

Understanding urban change relationally

For the last four decades, critical human geography has conceptualized space and place 
not as fixed, unchanging containers of social activity, nor an external force on social life, 
but rather as dynamically produced social products that in turn help to shape social 
processes (cf. Soja 1980; Lefebvre 1991). Inspired in large part by the work of Doreen 
Massey (1991), this relational understanding of space emphasizes that space is not 
preexisting but is only produced through relationships between people and places.

In contrast, Tobler’s “first law of geography” that “all things are related, but near 
things are more related than far things” is often used in quantitative geography as an 
illustration of a more conventional, absolute understanding of space. However, such 
conceptualizations of space, including those by quantitative geographers, have long 
included more nuance than Tobler’s first law suggests (Poorthuis & Zook, 2020). For 
example, Tobler himself notes in his second “law”, that “the phenomenon external to an 
area of interest a!ects what goes on inside”. This parallels a relational understanding in 
which no space or place forms an entirely coherent whole detached from broader flows 
and processes that constitute the social world. All spaces and social processes – including 
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gentrification – are produced through relations that are stretched across space and time 
to lesser and greater extents.

Building on this work, we argue for an additional, alternative definition of gentrifica-
tion. That is, we see gentrification as a fundamentally relational process that reconfigures 
how particular people are connected to particular places (see also Lawton, 2020). Such 
a definition of gentrification provides room for an understanding that reconfigurations 
often take the form of the wealthy displacing the poor from residential spaces, while also 
acknowledging that other kinds of spatial relationships are also reshaped through 
gentrification. Just as Smith’s notion of a back to the city movement by capital can be 
tracked via the financial flows made visible by mortgage lending data or property records, 
gentrification’s reconfiguration of the way people interact with urban neighborhoods and 
places might be traced via big data sources such as social media.

Of course, understandings of relationality have always been implicit in gentrification 
research. The idea that places are not static is, in many ways, a fundamental precept of 
gentrification as process, whether one conceives of that process as being primarily due to 
the changing demands of capital or the changing consumption preferences of the middle 
and upper classes. But a paucity of data that captures this relationality has caused such an 
understanding to recede into the background of such work. In the US case, the Census 
builds from a constitutional mandate of decennial population counts to define contiguous 
congressional districts and this conceptualization of space is perpetuated throughout 
social research designs and data structures. Even data specifically focused on mobility, e. 
g. how people move around a city, is often limited to commuting relations or travel 
surveys, which are collected infrequently and for a relatively small samples, insu"cient 
for neighborhood-level studies.

At the same time, there is a tendency in critical scholarship on gentrification to view 
gentrifying neighborhoods as hermetically-sealed containers that should stay that way, 
which has limited the take-up of relational conceptualizations. But understanding gen-
trification as a fundamentally relational and spatially extensive process can actually help 
overturn the stigmas placed onto newly-gentrifying areas. That is rather than blaming 
residents for the current and historical problems of the neighborhood, these issues are 
understood as produced by broader social and spatial processes that go beyond the 
boundaries of the neighborhood (cf. Massey 1979 on the ways that “inner city” or 
“regional” problems are explained through characteristics internal to such areas).

How big data can change gentri!cation research

From this foundation of di!erences and debates on measuring and conceptualizing 
gentrification, big data provides both clarity and confusion to the existing scholarship. 
As alluded to earlier, big data might provide hitherto di"cult-to-collect data on people’s 
connections to urban places and neighborhoods. At the same time, the operationalization 
of a relational understanding of gentrification has the potential to exacerbate the messi-
ness with which gentrification is analyzed and mobilized discursively. Thus, for us, the 
challenge of using big data in gentrification research is to clearly understand how this 
data adds something to our existing understandings of gentrification. That is, the fact that 
data has long been used to measure and map gentrification points to the reality that data 
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can’t “solve” the problem of defining gentrification and its political, economic and moral 
implications.

Attempts at mobilizing big data, and especially geotagged social media data, to under-
stand gentrification remain in their infancy, but represent a dynamic and growing field of 
geography. So far, however, this work has tended to focus more on novelty than on 
substantively advancing knowledge of the multi-faceted gentrification process. For 
example, using geotagged tweets, Foursquare check-ins or OpenStreetMap data, as 
Beekmans (2011), Schaefer (2014), and Venerandi et al. (2015) do, is certainly innovative, 
but these approaches typically fall back on comparing the densities of data of di!erent 
types in di!erent areas. Places with more tweets or more Foursquare check-ins associated 
with a given gentrification-related topic, such as tweets about “yuppies” or “eviction”, are 
given a higher value and interpreted as indicative of the presence of gentrification. But 
relying on such an approach replaces one partial dataset with another. Indeed, as 
Schaefer’s (2014) research shows, relying on collecting tweets for gentrification-related 
keywords yields only a few thousand data points from which to work, even in a city as 
large as Los Angeles, suggesting that such an approach would be of limited utility.

A more productive route, we argue, is leveraging the relationality inherent in this data as 
a means to measure the relationality inherent in the gentrification process. Arguably the 
greatest contributions that big data make to geographic research more generally is that it can 
help overcome persistent barriers in terms of the spatial, temporal and relational resolution of 
data. Census data is collected on a relatively infrequent basis and aggregated to areal units that 
are often fairly coarse, especially for understanding something like gentrification (Schuler 
et al., 1992). As gentrification processes typically unfold faster than the decennial census, such 
data can be ill-suited to identify and analyze changes in time. Moreover, gentrification 
regularly occurs at spatial scales that di!er from the standard Census tracts creating conflicts 
between the vernacular and administrative definitions of the neighborhood. Indeed, gentri-
fication actively reshapes the way neighborhoods are thought about and named by residents 
(Madden, 2018). Big data provides an avenue for constructing di!erent areal units as needed 
and using geotagged social media data as a proxy for the mobility patterns of populations 
(Blanford et al., 2015; Luo et al., 2016; Phillips et al., 2019; Wu et al., 2016; Zhang et al., 2016). 
These mobilities allow us to develop alternative definitions of neighborhood boundaries and 
their relational connections through the movements of people that are connected to such 
places (cf. Poorthuis, 2018; Shelton & Poorthuis, 2019; Shelton et al., 2015). Such an approach 
parallels relational understandings of space in that it acknowledges that people are funda-
mentally mobile and connected beyond immediate spatial proximity and that these patterns 
say as much about us as our places of residence (Kwan, 2012, 2013).

In the analysis that follows, we combine these approaches, opting for a more relational 
understanding of urban space as seen through the everyday mobilities of Twitter users, 
while also relying on more traditional neighborhood definitions and statistical geogra-
phies in order to leverage additional social data that would otherwise be unavailable at 
this more flexible and relational geography.

III. Relational geographies of gentri!cation in Lexington, KY

As a proof of concept of this relational conceptualization of gentrification operationalized 
through big data, we analyze the case of Lexington, Kentucky (see Figure 1), a medium-sized 
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city in the southern United States with a core population of roughly 300,000 and 
a surrounding hinterland of an additional 200,000 people. While our case selection is driven 
in part by a desire to understand gentrification beyond the “usual suspects” of New York, 
Los Angeles and other larger cities, another consideration is our familiarity with the city, 
allowing us to “ground truth” our quantitative analysis with an understanding of the 
specifics of the gentrification processes as they’ve unfolded over the last decade. This is an 
important nuance in the use of big data for studying gentrification: we see such data as being 
best employed in addition to existing methodologies – including qualitative fieldwork-based 
methods – and not as a be-all-end-all replacement for more established approaches.

Our analysis is based on a dataset of all geotagged tweets produced within the greater 
Lexington, KY1 area between June 2012 and December 2017 extracted from the DOLLY 

Figure 1. Map of study area, Lexington, KY. Labeled places are (1) University of Kentucky; (2) 
Downtown; (3) Northside neighborhood; and (4) Fayette Mall.

URBAN GEOGRAPHY 967



system at the University of Kentucky (Poorthuis & Zook, 2017). During this period, 
95,285 di!erent users sent a total of 4.6 million geotagged tweets from the Lexington area. 
In order to ensure that we had su"cient data to measure changes in individuals’ move-
ments and activities we eliminated any users with fewer than 10 tweets, leaving a total of 
4.4 million tweets by roughly 25,000 users.

Previous work with geotagged tweets (and other social media) has often focused on 
the location of each tweet – essentially treating each data point in isolation and subse-
quently aggregating the total number of data points per spatial unit. While appropriate 
for many research questions, treating each data point separately leaves considerable 
information unused. Other work (cf. Poorthuis, 2018; Shelton & Poorthuis, 2019), has 
drawn connections between data points generated by the same user to associate di!erent 
locations with each other. In this analysis, we take a slightly di!erent approach in 
drawing connections between a user’s data points. Namely, we determine the most 
significant or “home” location for each user and draw links between this “home” location 
and other locations within the city visited by that user. “Home” is written between 
quotation marks2 because our intent is not to represent the actual, “true” home location 
of the user but rather the most significant base location for that user (specifically defined 
as census tract)3 based on the following criteria:

(1) The census tract has to be tweeted from at least five times by the user;

(2) The user has to have tweeted from that census tract on at least five separate days;

(3) The earliest tweet and latest tweet from that census tract are at least ten days apart.

This approach, including a comparison with di!erent algorithms for “home” location 
inference, is discussed in more detail by Chen and Poorthuis (2021). These criteria 
eliminate individuals with only a transient presence both digitally and materially, 
whether because the account wasn’t used consistently over time, or the user was tweeting 
while visiting Lexington (and therefore is not representative of the evolution of intra- 
urban mobility dynamics in Lexington over time). In the event that more than one 
location matches these conditions for a given user, we use the location with the most 
tweets as the user’s home location (in case of a tie, we randomly pick one location).

Using this heuristic, we are able to determine a home location for 17,476 users who 
collectively sent 3.8 million tweets during the study period. The subsequent analysis is 
based on two key features that we refer to as visits and profiles. A visit is defined when 
a user (a visitor) sends a tweet from a Census tract other than their home location and by 
doing so establishes a connection between the two locations. Profiles are based on the 
characteristics of the home census tract for each user. We know relatively little about each 
user solely from their tweets. Therefore, we rely on what is known about their home 
location from the Census, such as racial composition, median household income and 
educational attainment, to create potential demographic profiles of users based in such 
neighborhoods, with the important caveat that this does introduce an ecological fallacy. 
To address the presence of power users (who tweet much more than most users), we only 
count one visit per year (regardless of how many additional tweets were made in that 
location by the user).

It should be noted that the Twitter users in this dataset do not represent 
a representative sample of the population of Lexington, just as they are not representative 
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of the population at large (Hargittai, 2015). As such, the subsequent analysis is not an 
attempt to provide the single, authoritative view on gentrification in the city, but rather to 
add an additional perspective to our understanding of gentrification and how it might be 
measured. Specifically, this additional view highlights insights we might gain from 
a relational approach that accounts for residents’ everyday mobilities within the city 
and across di!erent neighborhoods, rather than being limited to the more conventional, 
residentially-oriented datasets used for this type of analysis.

Stability and change in Lexington’s intra-urban mobilities

We first test whether the home location of users is stable over the entire 5.5-year study 
period. To do so, we apply the home location heuristic for two separate periods: (1) 
June 2012 to December 2013 and (2) January 2014 to December 20174. As can be seen in 
Figure 2b, the amount of “migration” between the two periods is relatively minor with 
only 11% of users (1,958 out of 17,476) assigned a di!erent home location in Period 2. In 
other words, the migration of users’ home locations alone doesn’t represent a meaningful 
indicator for understanding the gentrification process. Given the relative stability of the 
home location, we elected to use the home location based on the entire study period (see 
Figure 2a) throughout the analysis to maximize the available data per user.

Examining the connection between users’ home location and visits within the city 
(Figure 3) highlights a number of patterns. The three most popular tracts for visits 
contain the campus of the University of Kentucky, as well as neighborhoods popular 
for student housing (the dark brown tract between the two orange tracts in Figure 3). 

Figure 2. Home locations of Twitter users (a) the total number of home locations per census tract for 
the entire study period (2012–2017); (b) the number of users whose home locations shifted from 
period 1 (2012–13) to period 2 (2014–2017). Lines represent these movements, while shading in the 
choropleth map indicates net inflow/outflow.5
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Indeed, most of the net changes (either positive or negative) in home location seen in 
Figure 2 were concentrated in and between these areas around the University of 
Kentucky campus, pointing to the centrality of these places within the digital expression 
of social life in Lexington. Other tracts with a relative high number of visits are the 
downtown core of Lexington (northeast of the UK campus), a suburban neighborhood in 
the south containing Fayette Mall, the city’s largest indoor shopping mall, and a similar 
neighborhood in the city’s east containing Hamburg Place, a series of interconnected 
strip malls and big box stores. This activity pattern is consistent with what one would 
expect for an American city with a large university during this time period. However, of 
greater interest in relation to gentrification is whether and how this pattern changes over 
time.

Figure 3. Connections between users’ home location and visits to other census tracts. Lines represent 
visits; the shading in the choropleth layer indicates the total number of visits in each census tract.

970 A. POORTHUIS ET AL.



To address that question, Figure 4 illustrates the same connections between home 
locations and visits shown in Figure 3 but for the two time periods.6 At the macro-scale, 
no apparent large shift in the network of connections occur – except for a relative 
increase in the visits to Fayette Mall in the south and a greater density of connections 
between the core neighborhoods around the university. On the surface, the patterns of 
mobility and visits of Twitter users remain relatively stable over the five-plus years of the 
study period. This echoes findings elsewhere in the literature that neighborhoods mostly 
stay the same over time rather than experiencing drastic change (Solari, 2012; Cortright 
& Mahmoudi, 2014; Delmelle, 2017; Malone & Redfearn, 2018; Connor et al., 2020; 
Kinahan, 2020). In this case, however, our analysis shows that this stability in neighbor-
hood character not only applies to the internal characteristics of neighborhoods, but also 
to how neighborhoods connect to each other relationally.

To gain another perspective on this, we also examine the share of activity by visitors 
relative to locals (i.e. users whose home location is the same tract in which a tweet is sent). 
Thus, in Figure 5, the darkest shaded tracts represent places where more than 80% of 
tweets are sent by visitors. Looking at the relative share of visitors in each tract again 
reveals a relatively stable pattern over the two time periods (Figures 5a and 5b). The 
downtown core and shopping venues in the southern and eastern parts of the city have 
the highest ratio of tweets from visitors versus locals (the darkest shading in map), while 
largely residential neighborhoods generally see fewer visits from non-locals.

Gentri!cation on the Northside of Lexington

These macro-scale patterns, however, provide only limited insight on neighborhood- 
level gentrification processes within Lexington. To address this, we focus on a specific 

Figure 4. Connections between users’ home location and visits to other census tracts (a) June 2012 to 
December 2013 and (b) January 2014 to December 2017.
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neighborhood known as the Northside, located just north of downtown (see Figure 1), 
which has undergone considerable change over the course of our 2012–2017 study 
period. As is generally the case with gentrification, delineating specific spatial and 
temporal boundaries for analysis is not straightforward, as gentrification does not unfold 
in clear and spatially contiguous units. In the Northside, two parallel commercial 
corridors – Je!erson Street and North Limestone Avenue– on opposite sides of 
a major transportation artery, Broadway Avenue, have been the sites of a number of 
private redevelopment e!orts. Beginning with the purchase of two longstanding 
Northside establishments – Stella’s Kentucky Deli on Je!erson Street in 2006 and Al’s 
Bar on North Limestone in 2007 – capital investment began to flood into these areas, with 
new restaurants, bars and other commercial establishments serving as the foundation on 
which residential real estate speculation took o! in surrounding neighborhoods. Even 
several years ago, a relatively small number of landlords and developers controlled 
hundreds of residential units in the neighborhood (Lexington Housing Studies, 2015). 
This resulted in newly-renovated one bedroom apartments being rented for more than 
double the overall area median rent and houses flipped for 10 times more than their sale 
price just two years prior (Lexington Housing Studies, 2016).

Figure 6 outlines the locations of the Limestone and Je!erson corridors (demarcated 
by the hashed area) including key sites of gentrification-related, consumption-oriented 
attractions (e.g. bars and co!eeshops). Also highlighted is the concentration of Twitter 
activity relative to the surrounding residential areas and consumption venues. While the 
point data from Twitter makes it possible to use these areal definitions for the Northside 
neighborhood, we instead focus on two specific Census tracts – Census tracts 2 and 3 
indicated by thick, black lines in Figure 6 – in order to link to demographic data from the 
US Census Bureau’s American Community Survey. As Figure 6 shows, the vernacular 

Figure 5. The relative share of tweets from visitors vs. tweets from locals per census tract (a) June 2012 
to December 2013 and (b) January 2014 to December 2017.
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understanding of neighborhoods and key sites of gentrification does not necessarily align 
with statistical geographies, as the Je!erson Street Corridor extends significantly into 
Census tract 1.02 to the south. However, this tract also includes Rupp Arena, home of the 
Kentucky Wildcats basketball team, which is a popular (tweeting) destination, and part of 
a very di!erent, distinct downtown neighborhood.

Figure 7a highlights the Northside Census tracts and shows that, relative to other 
tracts in the urban core of Lexington, the Northside has a modest percentage of visitors 
during the overall time period of our study (~60%). Based on our contextual under-
standing of this neighborhood, we would expect to find an increase in the share of visitors 
over the years of the study period. However, Figure 7b shows that the percentage of 
visitors is very stable for both tracts. This runs counter to our initial expectations and 
warrants a closer investigation.

To do this, we shift to examining the origin of visitors more closely. Figure 8 
demonstrates that the home locations of visitors change quite noticeably between the 
two periods. For example, in the second period, the number of visitors from the tracts 
around the University of Kentucky increased substantially, suggesting that the character-
istics of those visitors changed in parallel. Drawing upon the existing gentrification 
literature, we expect the visitor profile for a gentrifying neighborhood to be(come) 
more highly educated, whiter and richer. In the subsequent section, we consider this 
more closely by constructing profiles for each visitor using education, race, and income 
characteristics of their home location.7

Figure 6. Map of the Limestone Avenue and Je!erson Street Corridors (delineated with dashed lines). 
Thicker solid lines indicate Census tracts 2 and 3 used in our analysis to represent the Northside 
neighborhood. Dots represent a 5% sample of tweets in the dataset.

URBAN GEOGRAPHY 973



Changing demographics of visitors to Lexington’s northside

While determining the demographic characteristics of visitors to the Northside is extre-
mely fraught, using the previously identified home locations allows us to make broad 
inferences about the kinds of people that visit the Northside before and after the 
neighborhood’s gentrification process intensified. Drawing from the existing literature 
on using population-level statistics to measure gentrification, we focus on three variables: 

Figure 7. (a) The relative share of tweets from visitors vs locals (Northside census tracts indicated by 
thicker lines) (b) Percentage of visitors to the two Northside tracts year-over-year

Figure 8. Source of visitors to Northside (a) June 2012 to December 2013 and (b) January 2014 to 
December 2017.
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educational attainment (as measured by the percentage of residents from a given tract 
with a bachelor’s degree or higher), race (as measured by the percentage of residents who 
are white) and class (as measured by the median household income).

Figure 9 represents a composite image of how these three variables manifest across the 
Lexington landscape (leftmost column), the average profile of visitors to each Census 
tract based on their home Census tract (second column), the di!erence between these 
two (third column), the change in visitor profiles between the study’s two time periods 
(fourth column) and a chart depicting the change in average visitor profiles for Census 
tracts 2 and 3 over the six years of the study period.

Looking at the leftmost column of Figure 9 across all three variables, it is evident that 
the Northside neighborhood has lower educational levels, lower proportions of white 
residents and lower median household incomes than other neighborhoods in Lexington’s 
urban core. This reflects the area’s legacy as a marginalized, predominantly black 
neighborhood. In contrast, the second column shows that the average profile of visitors 
to the Northside neighborhood is considerably better educated, whiter and wealthier 
than the neighborhood itself. This di!erence is most visible in the third column of Figure 
9, where the purple shading signifies higher values across each of the three variables for 
the average visitor as compared to the neighborhood.

There is, however, some intra-neighborhood di!erence in how these inequalities 
manifest within the Northside. For instance, in Tract 2 (containing the Je!erson Street 
corridor to the northwest) we find smaller di!erences between locals and visitors in terms 
of educational attainment (18% to 26%) and race (16% to 42%) compared to Tract 3 
(containing North Limestone), but somewhat larger di!erences in terms of class ($17,700 
to $12,700).

The fourth and fifth columns of Figure 9 compare changes in the average visitor 
profiles for each tract from 2012 through 2017. Our expectation that, as the Northside 
continues to gentrify, the average profile of visitors will become more educated, whiter 
and wealthier, is shown to generally be true, with some important caveats. With regards 
to changes in educational attainment over time, the average visitor profile sees 
a consistent 8 percentage point increase in the proportion with a bachelor’s degree or 
higher across both Census tracts. But across both the racial and income variables, the two 
Northside tracts experience somewhat di!erent and inconsistent patterns in changes in 
the average profile of visitors over time. While there is a general upward trend in the 
proportion of white visitors for Tract 2 amounting to a 5 percentage point increase from 
2012–2017, the racial makeup of visitors to Tract 3 remains fairly stable over time with 
a slight decrease by the end of the study period.

Similarly, the chart in the bottom-right corner of Figure 9 shows that the average 
income of visitors to the Northside does not increase substantially but is instead quite 
stable throughout our study period. Given the prominent role that class and income play 
in theories of gentrification, these results are somewhat confounding. But rather than 
taking this as evidence that gentrification isn’t occurring in the Northside, we instead 
argue that this highlights precisely the complexity of gentrification as an economic and 
cultural process, especially in relation to how class is disguised in demographic variables. 
As noted in our conceptual review earlier, a solitary income indicator misses the complex 
ways in which class is manifest. For example, young people in the early stages of their 
careers (who are often identified as harbingers of gentrification) may currently have low 
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incomes, but over their lifetime will transition into higher income positions (see 
Freeman, 2005; Hammel & Wyly, 1996; Schuler et al., 1992). Thus, the stability of income 
levels in Northside visitors, combined with the changes in the educational profiles during 
our study period are therefore consistent with the findings of earlier gentrification 
research regarding the primacy of educational attainment as a statistical indicator of 
changing class compositions in urban neighborhoods.

IV. Conclusion

This analysis provides a proof-of-concept of how big data, specifically geotagged social 
media, may be leveraged to gain a relational perspective on the process of gentrification. 
While research on neighborhood change in general, and gentrification in particular, has 
a long-standing interest in identifying specific pathways or trajectories of change 
(Delmelle, 2017), studies on such trajectories have been limited mostly to studying the 
changing characteristics of residents. In contrast, our approach examines neighborhood 
change by studying the evolving characteristics of visitors and the changing social 
relations these visitors engender.

Shifting from data based on residents, an artifact of o"cial data regimes, our approach 
focuses on the mobility of individuals and the relation between residential location and 
their activity space. Through this, we are able to document a di!erent view of neighbor-
hood change that reflects changes in use and presence in an area. In the case of 
Lexington’s Northside – a neighborhood undergoing substantial urban change during 
our study period – this manifests through (an increasing) di!erence in the characteristics 
and composition of visitors relative to residents. In short, visitors to the Northside over 
time increasingly came from whiter and more highly-educated neighborhoods.

But in addition to demonstrating how we might operationalize relational theories of 
urban space within gentrification studies, the adoption of big data highlights other 
potential avenues for further exploration. For example, this analysis still relies upon 
Census tract geographies, but there is nothing inherently preventing a more flexible 
definition of neighborhoods given that this type of data is often point based. While it 
remains useful to associate data points to census tracts to enrich it with Census and other 
preexisting datasets, as we do in this paper, alternative approaches are also possible. For 
example, we could have used social media data to determine users’ home census tracts in 
order to construct the profile of visitors, but use our own neighborhood boundaries for 
visits. This could help further address the spatial granularity and “fit” issue highlighted in 
the discussion of the Je!erson and Limestone corridors (cf. Figure 6). Additionally, 
although we have focused on Lexington in this study, the widespread availability of social 
media and other types of big data opens the door for more comparative analyses of 
gentrification across a larger number of cities.

That said, big data approaches are hardly a magic bullet for all the issues facing urban 
research and moreover, this approach brings its own new challenges. First, there is 
increasing concern around the significant ethical and privacy implications of the exis-
tence of this data in public discourse and its use in research (e.g. boyd and Crawford, 
2012; Elwood & Leszczynski, 2011; Taylor, 2016; Zook et al., 2017). Many of these 
questions and implications are especially relevant here since analyzing neighborhood 
change requires data at a very fine temporal and spatial scale, which can be directly at 
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odds with the privacy of and potential harm to the people included in these datasets. 
While the Census has clear-cut rules and is highly restrictive toward access to micro-data 
sets, many big data sources, often from private companies, do not have similar 
safeguards.

Furthermore, rising awareness of privacy implications has resulted in severe restric-
tions on the public availability of data for research in recent years. While this can be seen 
as a positive change, it also risks creating situations where only researchers embedded 
within big data companies can access data. Given the profit-maximizing incentives of 
private companies, this will likely yield di!erent questions and applications than those 
asked by academic researchers, e.g. the construction of analytical toolkits for gentrifica-
tion hotspot prediction to aid real estate speculation. As such, regulations for the ethical 
use and sharing of such data are needed to make big data a sustainable addition to 
gentrification and other urban social research.

Many big data sets are by-products of platforms, products and processes that are 
designed with a di!erent purpose than what such data might ultimately be used for. Most 
certainly, such data di!ers from conventional survey or census data sets designed to be 
representative of a larger population. While the inherent bias that this introduces does 
not invalidate its potential use for social science research, a continuous and rigorous 
evaluation of representation and bias is warranted if we want to use such data for social 
science and policy input beyond the current proof-of-concept stage.

Moreover, it is important that researchers do not limit themselves to a single big data 
source as a cure-all. Social media platforms and related technologies tend to have limited 
lifespans and/or may only be used by specific population groups, meaning that such data 
will never be able to replace Census, survey and register-based datasets. In other words, 
social media data are not simply a cheaper and better alternative to o"cial datasets. 
Rather their use should be targeted to fill specific gaps in existing approaches such as our 
focus on building a relational understanding of gentrification. Even in this analysis, we 
rely heavily on both the American Community Survey and our own qualitative and 
experiential knowledge to contextualize and enrich what can be inferred from social 
media data alone.

Ultimately, we argue that big data is not a panacea for empirical studies of gentrifica-
tion, or for any particular urban issue of interest, and given the “multidimensionality of 
gentrification” still means that “the use of a single variable to identify it is almost certain 
to fail” (Bostic & Martin, 2003, p. 2431). That said, our analysis has demonstrated that 
despite being unable to capture some key aspects of the gentrification process, the spatial 
and temporal granularity of social media data can supplement our understandings of 
where gentrification is occurring, and how gentrification is a fundamentally relational 
process that links di!erent spaces together through people’s everyday mobility and 
consumption patterns. Indeed, the real-time nature of this data o!ers an opportunity 
to help serve as one aspect of an “early warning system” for gentrification (cf. Chapple & 
Zuk, 2016), identifying how changing urban mobility patterns signal broader changes 
within the urban fabric.
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Notes

1. Specifically, a bounding box with 37.67372° N 85.08614° W as the southwest corner and 
38.38294° N 83.92788° W as the northeast corner. This includes the nearby towns of 
Frankfort to the west, Georgetown and Paris to the north and Harrodsburg and 
Richmond in the south.

2. To improve readability of the paper we do not use quotes around home for the rest of the 
article although our intent remains the same.

3. Geotagged tweets generally have a relatively precise point location (stored as longitude/ 
latitude) attached to them which allows them to be easily aggregated to larger and flexibly 
defined spatial units that conform to the lived experience of neighborhoods. While this been 
used successfully at a range of scales in previous work (cf. Poorthuis, 2018; Poorthuis et al., 
2020; Shelton et al., 2015) the analysis in this paper uses conventional Census tracts as 
aggregation units in order to more easily connect with data from the American Community 
Survey.

4. These periods do not have the same length as they have been chosen to divide the dataset 
equally in terms of total number of tweets. Because geotagged tweeting became less 
prevalent from mid-2015 onwards, the latter period is longer. Defining time periods in 
this way also allows us to distinguish between the period prior to the end of 2013 when many 
key commercial establishments first opened (West Sixth Brewery, Arcadium, North Lime 
Co!ee and Donuts) and from 2014 onward as they received more visitors.

5. Data spans the entire metropolitan region of Lexington, KY but figures zoom in on 
Lexington’s urban core for clarity and simplicity.

6. Because the two time periods are of di!erent length, we do not use absolute counts. Rather 
we use the relative frequency of visits (Number of Visits to Tracti/Total Number of Visits to 
All Tracts) to make the periods comparable.

7. These characteristics are derived from the American Community Survey 2012–2016 5-year 
estimates (as to overlap with our study period).
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